Objective-Typically detected via electrocardiograms (ECGs), QT interval prolongation is a known risk factor for sudden cardiac death. Since medications can promote or exacerbate the condition, detection of QT interval prolongation is important for clinical decision support. We investigated the accuracy of natural language processing (NLP) for identifying QT prolongation from cardiologist-generated, free-text ECG impressions compared to corrected QT (QTc) thresholds reported by ECG machines.
Introduction
Electrocardiograms (ECG) provide significant medical information that can facilitate new approaches for clinical decision support interventions. ECGs are typically stored in medical record systems as an image, structured calculations derived from the ECG, and semi-structured text. The image contains the waveform tracing while the text contains automated measures generated by the ECG machine and a free-text impression of the tracing by a physician, usually a cardiologist. The ECG impression may communicate clinical findings that indicate both cardiac and extra-cardiac disease, and may help manage the risks of medication use. For example, an ECG impression could be "Normal sinus rhythm, HR 65. Meets criteria for left ventricular hypertrophy and has a prolonged QT interval." ECG impressions present two major types of information: a morphologic description of the ECG tracing (e.g., "prolonged QT interval") and interpretations of those findings (e.g., "left ventricular hypertrophy," myocardial infarction, or atrial fibrillation). While many researchers and ECG manufacturers have developed automated feature extraction programs based on ECG waveforms, these algorithms are imperfect, with accuracies of 42-96% [1] [2] [3] . Automated algorithms are generally superior for morphological descriptions than for interpretations [1, 2] . Many factors, such as concurrent arrhythmia or ischemia, can alter the accuracy of morphological descriptions. For these reasons, cardiologists' interpretations of ECGs remain the consensus gold standard [1, 4, 5] .
The QT interval is an ECG measure that describes the time between ventricular depolarization (resulting in the "QRS complex") and its repolarization (resulting in the "T wave"). The QT interval varies with heart rate, and thus the QT interval is typically reported adjusted for heart rate (QTc) via Bazett's formula [6] . When the QTc crosses a threshold, often 450-500ms, the QT interval is described as prolonged. However, other features of the ECG tracing can introduce measurement error, including the presence of arrhythmias, intraventricular conduction disturbances, and additional waveforms such as the presence of a U wave. Despite these potential measurement errors with automated QTc calculation, QTc as reported by ECG machines are often used in clinical practice and research studies. [7] [8] [9] True prolongation of the QT interval can result from cardiac toxicity of many different medications [10] or represent underlying cardiac conduction disease. QT prolongation is a key risk factor for the development of Torsades de Pointes, a potentially fatal cardiac dysrhythmia. Drugs which prolong the QT interval may be marked with a black-box warning or removed from the market if contraindicated use becomes common [10, 11] . A decision support system that alerts providers to potential adverse medication effects or contraindications may improve prescription selection and patient safety.
Natural language processing (NLP) and concept-based indexing can encode free text reports to standardized vocabularies such as the Unified Medical Language System (UMLS). [12] Researchers have used NLP systems to identify clinical syndromes and common biomedical concepts from radiology reports [13] [14] [15] , clinical notes [16] [17] [18] , problem lists [19] , nursing documentation [20] , and medical education documents [21] . Among many such systems, some studied NLP systems include the National Library of Medicine's MetaMap program [22] , the MedLEE (Medical Language Extraction and Encoding) system developed at Columbia [16] , a system developed by Nadkarni and colleagues [17] , the Mayo Vocabulary Server [23] , MEDSYNDIKATE [18] , SAPHIRE [24] , several systems by Chapman and colleagues [25, 26] , and the HITEx system [27] . Each of these takes a unique approach to accomplish the goal of mapping natural language text to structured output matched to standardized vocabularies. They differ primarily in their methodology and their degree of syntactic and semantic processing. The MetaMap system effectively identifies UMLS concepts from biomedical text using statistical phrase boundaries, a rigorous score-based approach, and word-variant recognition. It has been combined with negation detection algorithms (e.g., "no ischemia"), such as the NegEx algorithm [25] , to enhance its utility. The MedLEE system, perhaps one of the most well-developed NLP systems, also identifies UMLS concepts and detects negation signals. It parses sentences to group semantic modifiers (e.g., "family history of heart failure" indicates the experiencer was not the patient) and identify temporal references (e.g., "colonoscopy in 2005"). The Mayo Vocabulary Server also employs a syntactic parse to detect negation signals identify concepts from standardized vocabularies, such as SNOMED-CT. [28] Similar to MetaMap and other concept identification systems, the KnowledgeMap concept identifier (KMCI) is a general purpose concept identifier, using score-based algorithms to identify UMLS concepts from natural language text [21] . The KMCI system was designed to accommodate poorly-formatted document types with ad hoc abbreviations and acronyms, using a combination of linguistic, frequency, and concept co-occurrence data to accurately identify unknown abbreviations, acronyms, and underspecified concepts (e.g., the document phrase "1st degree block" maps to the closest UMLS string match "1st degree atrioventricular block").
Previously, we reported the use of KMCI to identify UMLS concepts from cardiologistgenerated ECG impressions [29] . The system identified concepts with an overall recall of 0.90 and precision of 0.94 [29] . Underspecified concepts were especially frequent in this dataset, which presents a challenge for accurate concept identification; 27% of the closest UMLS concept matches required inference of a missing word in the target UMLS term. Of interest for the present study, "QT" was not listed as a synonym for "QT interval" in the UMLS and required disambiguation from other, very different concepts such as "long QT" or "short QT" which all have one additional word. The physician reviewers also classified each concept into a predefined category. The KMCI system performed the best for myocardial perfusion changes, ECG rhythms, and extracardiac manifestations (each with a recall and precision in excess of 0.98). Its poorest performance was for nonmedical concepts. This earlier version of KMCI, however, did not have the ability to detect negated or possible findings.
In this paper, we report on the application of a "negation-detection-enhanced" version of KMCI to identify QT prolongation from a four-year collection of ECGs. The ultimate goal is to process ECG impressions in real time to support development of clinical decision support systems that use such inputs to provide advice at the point of care.
Methods

Creation of ECG database
Vanderbilt University Medical Center has developed an anonymized database of all orders, laboratory results, and ECGs for all inpatients admitted for 2-30 days from 1999-2003 as part of an ongoing research study investigating drug effects. Nearly all inpatient medication orders are written by providers using an electronic care provider order entry system. [30, 31] The ECGs were imported in an XML format from an ECG management system and anonymized. Every ECG report includes machine-calculated intervals and estimated heart rate as well as a cardiologist-generated free-text impression. Cardiologists create an impression for all ECGs by selecting among personalizable stock phrases (e.g., "normal sinus rhythm") and editing stock phrases as necessary (e.g., "normal sinus rhythm with rare PVCs"), or typing unconstrained comments de novo (e.g., "LA abnormality, PVCs, and inferolat ST-T changes"). Finally, cardiologists code each ECG with a standard severity: normal, otherwise normal, borderline normal, or abnormal. We extracted all ECG reports from our research repository and loaded them into a relational database. There were 44,318 ECGs in the database with more than 155,000 sentences from 23,080 hospital admissions for 16,821 patients. The Institutional Review Board approved this study.
From the ECG dataset, we randomly selected a test set of about 5,000 sentences for development of the KMCI negation detection and QT prolongation recognition query. Another 5,000 randomly selected sentences were reserved as a validation set for negation detection. All subsequent data analysis (including QT prolongation detection) was performed with the entire dataset of 44,318 ECG reports.
Negation tagging algorithm and evaluation
Negation detection algorithms identify phrases which qualify the presence of concepts before or after the negating phrase. For instance, a cardiologist may state "no PR prolongation," indicating the absence of PR prolongation, or "myocardial infarction cannot be ruled out," which signifies that "myocardial infarction" is a possible finding in this patient. Many useful negation detection algorithms exist [25, 28, 32, 33] . We applied a modified version of the NegEx algorithm [25] that uses regular expressions to mark concepts as negated, possible, or asserted. The KMCI detection scheme used a total of 205 phrases indicating negation or possibility, including symbols such as "?" and "r/o" as indictors of "possible." We empirically chose a window of 8 words before or after a negating phrase by reviewing a sample of negationtagged ECG impressions. In this dataset, we found that most periods marked abbreviations rather than sentence breaks, so our algorithm ignored periods within identified sentences. Semicolons, unmatched closing parentheses, and other negating phrases terminated the current negation window.
One author (JP, an internist), unfamiliar with the NegEx algorithm or this implementation, scored the testing set of 5000 sentences from randomly selected ECGs via a color-coded HTML interface that highlighted the negating phrase and words modified by them. All medical concepts or medical modifiers were considered for scoring; the evaluation was not limited to QT prolongation concepts. Concepts were marked as a correctly identified negated concept (i.e., a true positives, TP), false positives (FP), true negatives (TN), and false negatives (FN). We calculated recall of negated concepts as TP/(TP+FN); precision as TP/(TP+FP); and negative predictive value, the probability that the concept is not negated (i.e., an asserted finding), as TN/(TN+FN). Following the evaluation, three new negation phrases ("replaced <negated concept>", "<negated concept> replaced by", and "<negated concept> is/are gone") were added and validated over several thousand new sentences. After verifying that these additions introduced no false positives, we added them to the application before processing the entire dataset.
Development of concept-based ECG database
We applied KMCI to identify Unified Medical Language System (UMLS) concepts from the free text ECG impressions, using the optimizations identified via our prior study [29] . We added a few synonyms and derivational transformations to KMCI's lexicon and modified the sentence-identification algorithm to ignore most spaces and periods when determining sentence breaks. We used the 2006AC version of the UMLS [12] ; the only restriction on concept matching was that KMCI favored underspecified concepts if they contained words such as "heart" and "electrocardiogram" (see [29] for a full list). Candidate UMLS concepts with these words received higher scores than candidates with other words when the words do not match a document word. In addition, KMCI favors, in a document, ambiguous concepts that occur frequently as exact-match concepts (much like a prior probability) or that co-occur with exactmatch concepts. To utilize this feature, we processed ECGs in bulk so that exact-match concepts over the corpus of ECGs served to help determine ambiguous matches. We applied the negation algorithm following the concept identification step to mark each concept as positive, possible, or negated. The concept-identified ECGs were linked to the original ECG impressions and the calculated intervals from the original ECG reports, forming an identified ECG dataset.
Identification of Electrocardiograms with QT prolongation
Through manual perusal of the ECG dataset, we identified potentially-matching UMLS concepts representing "QT prolongation," including any text indicating a probable or possible QT or QTc prolongation. To verify that we had found all UMLS concepts representing QT prolongation, we also did text searches for all matching UMLS concepts from the ECG impressions containing the strings "QT" or "QTc." The NLP query for QT prolongation consisted of these UMLS concepts (see Table 2 ) that were either asserted or possible in the ECG impressions. We extracted the ECGs reports matching the NLP query along with their automated QT and QTc intervals identified by the ECG management system. We also extracted all ECG reports exceeding common QTc thresholds used by cardiologists to indicate possible QT prolongation: 400ms, 450ms, 500ms, or 550ms. We chose the cardiologist-generated impression as our gold standard. After developing the concept query, two physician authors (JD, JP) simultaneously reviewed all ECG impressions containing the letters "QT" (including phrases such as "short QTc", "QT unmeasurable", and "QT interval unchanged" as well as prolonged QT statements) to identify the gold standard set of ECG reports. Since there are no synonyms for the QT interval that do not contain the letters "QT," this sampling method provided an accurate assessment of possible false negatives. We compared the NLP and string queries to the calculated QT and QTc intervals (which are continuous numbers) using the aforementioned thresholds. For the QT and QTc intervals, we also used the continuous values as measured by the ECG machine to calculate the area under the receiver operator characteristic curves (AUC), using the cardiologist's impression as the gold standard.
Following the evaluation of the NLP query, we developed a regular expression string query to represent the QT prolongation concepts encountered in the dataset (Table 2 ). Since this caseinsensitive search could match any part of the string, it matches any string containing "long" (e.g., "prolonged," "prolongation," or "longer") or "length" (e.g., "lengthened") and also the letters "qt" (including "QTc" and "QTU," which, we determined in the evaluation, was an important word not included in the UMLS). All strings matching this query were evaluated by manual review for accuracy and compared with the NLP query and ECG machine QTc thresholds.
To further assess the negative predictive value of the textual queries for QT prolongation and to evaluate for causes of possible miscalculation of the QT interval by the ECG machine, we reviewed a random sample of 100 ECGs with calculated QTc intervals > 450 ms but no QT prolongation concept indentified by the NLP parser. We reviewed these for references to QT prolongation or for potential causes of a miscalculated QTc by the ECG machine. We could not examine the ECG images because they were not stored in our anonymized research database.
Calculations for this study considered a true positive as any ECG correctly identified as representing QT prolongation according to the human review of ECG impressions (our gold standard). Sensitivity (recall), positive predictive value (precision), and negative predictive value were calculated by comparing the query outputs to the gold standard. Specificity was calculated as TN/ (TN + FN) . The F-measure was calculated as 2*Recall*Precision/(Recall + Precision). [34] Student t-tests were used to compare parametric data. AUC and statistical analyses were calculated using Stata, version 9.2 (StataCorp LP, College Station, TX).
Description of identified ECG database
To investigate other potential applications of the ECG NLP parser, we developed UMLS concept queries for other common cardiac diagnoses found in ECG impressions that may be of interest for decision support (see Table 4 ). Query logic was developed by finding the UMLS concepts representing the topic of interest in the database of matched concepts. For example, the concept query for myocardial infarction involved the tree of concepts related to "myocardial infarction" and "infarct" (since all references to infarcts in this dataset could be assumed to be myocardial).
Results
General characterization of ECG reports
The KMCI algorithm identified 375,838 concepts from the 44,318 ECGs in the database mapping to 23,080 unique admissions. Cardiologists identified 67% percent of the ECGs as "abnormal," 11% as "borderline," 18% as "normal" or "otherwise normal," and 4% as unmarked. Of KMCI-identified concepts in the entire ECG dataset, 339,554 (90.3%) were marked by the NegEx algorithm as asserted; 29,107 (7.7%) concepts were qualified as "possible"; and 7177 (1.9%) concepts were negated. The physician review identified 2,373 ECG impressions containing QT prolongation concepts. Table 1 shows the results of the negation analysis. The 5,000 sentences in the negation test set contained a total of 10,480 UMLS concepts. Overall recall was 0.973 and overall precision 0.982. The negative predictive value of finding negation (probability that a statement was positive given it was identified as positive) was 0.998. All false negatives were due to three phrases not present in the regular expression list: "replaced <negated concept>", "<negated concept> replaced by", and "<negated concept> is/are gone." These phrases were added to the list of negating phrases before running the NLP query for QT prolongation. Several of the false positives were instances in which negating phrases were amid multiple concept words (e.g., "ST no longer depressed," in which the negated concept "ST depression" is separated by the negation phrase "no longer"). KMCI typically identified the correct UMLS concept for these phrases. Misspellings also caused some errors. Table 2 shows the concepts and words used for the QT prolongation queries, along with the frequency of each in the database. There were 254 unique ECG impression sentences with a range of 2-18 words (median 11 words, weighted median 5 words) matching a QT prolongation query; 15 of these strings (e.g., "QT interval long for rate") accounted for nearly 90% of all matching impressions. Three of these phrases (accounting for 75% of all impressions) appear to be stock phrases from the ECG management software. The overall precision for the concept query was 2450/2451 (1.000) for individual concept matches and 2364/2364 (1.000) for ECGs compared to the gold standard; the one concept error occurred in an ECG that also contained a correctly-matched concept asserting QT prolongation. The precision for regular expression matches was 2495/2539 (98.3%) for individual matches and 2370/2413 (98.2%) for classifying ECGs. Table 3 shows the results of different methods of predicting prolonged QT intervals; 2,364 ECGs (5.3% of all ECGs) were identified as representing QT prolongation by our concept query. The average QTc interval for those with prolonged QT intervals was 487 ms (range 363-716 ms); ECGs without mention of QT prolongation averaged 429 ms (p<0.001, range 46-785 ms). Overall, the calculated QT interval had an AUC of 0.73 for predicting QT prolongation; the QTc interval AUC was 0.91. Ninety-two percent of the statements regarding ECGs containing QT prolongation concepts were asserting presence of the concept; 8% were qualified as "possible," with the words "borderline", "possible", "question", or "cannot exclude."
Validation of negation detection algorithm
Natural language processing and regular expression queries for QT prolongation
Failure analysis
There were nine ECGs (with seven unique strings) marked as representing QT prolongation in the gold standard set but were not detected by the NLP query. Three of these strings contained the letters "QTU" instead of QT or QTc, which is not present in the UMLS or KMCI's synonym tables. Two strings correctly matched QT prolongation concepts we had failed to include in the NLP query (C0023976: "Long QT syndrome" and C0855333: "Electrocardiogram QT corrected interval prolonged") due to an oversight when creating the QT query. The remaining two string errors were due to NLP parsing errors (e.g., failing to distribute the word "longer" for "longer PR and QT intervals now"). The single concept matching error (false positive) was with the sentence: "Since prior tracing, rate increased 44 bpm, and QT is partially better" in which "QT" was inappropriately overmatched to "QT prolongation" instead of "QT interval" based on its prevalence in the ECG set and the presence of the word "increased" within the sentence. However, this ECG impression also contained a correctly matched QT prolongation concept, meaning that the ECG was correctly classified as containing QT prolongation.
The NegEx algorithm identified 4 ECG impressions as containing negated QT prolongation concepts, and 190 ECGs with QT prolongation concepts marked as "possible." In three of the four negated concepts, the algorithm's negation assignment was incorrect (i.e., the concept was actually asserted, making these false positive negations); only one QT prolongation concept was a true positive negation. Each false positive negation resulted when KMCI traversed a comma or conjunction from an adjacent phrase negated with a form of the verb "replace" (e.g., "sinus rhythm has replaced rapid Afib and QT has lengthened"). Despite these negation assignment errors with individual concepts, all the ECG reports with QT prolongation concepts were still correctly classified using the NLP query because their impressions also contained true positive asserted QT prolongation concepts. For example, the full impression of the above example was: "QT prolongation. Sinus rhythm has replaced rapid Afib and QT has lengthened." The first QT prolongation concept was correctly marked as asserted even though the second ("QT has lengthened") was not. Without using NegEx, KMCI would detect four additional individual concept hits, one of which would be incorrect, although at the ECG level would still classify all identically as with NegEx. NegEx more accurately detected "possible" signals with a precision of 98% over 192 QT prolongation concepts marked as "possible" by NegEx.
Of the 100 manually reviewed ECGs with QTc intervals longer than 450 ms but that did not contain QT prolongation by the gold standard determination, 32 had a bundle branch block; 24 had various ST segment or T wave abnormalities; 24 had an arrhythmia, aberrant complexes, or a pacemaker; and 23 had myocardial ischemia or infarct. No ECG impression contained textual comments directly suggesting QT prolongation. Only 4 ECGs had no significant electrocardiographic abnormalities that could not alter calculation of the QT interval. Table 4 shows concept findings over the entire database for several other queries that are potential targets for decision support or clinical research questions. Asserted concepts are the predominant category across each of these concepts and negated concepts are rare (between 1-7% of each diagnosis).
Discussion
We studied the application of a concept-based, natural language processing system to identify QT prolongation within cardiologist-generated ECG reports. The performance of the NLP system had near perfect precision and recall when compared to a human reviewer. Furthermore, seven of the nine false negatives were easily fixed by revising the query to include overlooked synonyms and concepts. The regular expression query also performed similarly in identifying QT prolongation, and provides a simple, scalable method to identify QT prolongation from ECGs. However, the dedicated string query does not detect qualifiers such as negation, produced more false positives, and lacks the generalizability to other conditions offered by the NLP method. Both textual queries performed far superior to commonly used ECG machinereported QTc thresholds for diagnosing QT prolongation, which had positive predictive values ranging from 6-25%. A manual review of ECGs with prolonged QTc values but no "QT Prolongation" concept in the impression suggested that the QTc threshold approach often fails because of other waveform abnormalities such as bundle branch blocks, pacemakers, or arrhythmias. Cardiologists are trained to take coexisting waveform abnormalities into account when reviewing the ECG tracing, which likely accounts for the discrepancy between the NLP method and the QTc method. An automated system employing NLP analysis of ECG impressions was much more accurate at identifying QT prolongation than machine-reported intervals.
The high performance of the NLP system required highly accurate concept identification. Negation within ECG impressions overall was rare, including only one instance of a QT prolongation concept. When applied to all UMLS concepts, NegEx marked only 1.9% of all concepts as negated and 7.7% as possible. Negation detection was not important for correctly classifying ECG impressions with QT prolongation; however, Table 4 demonstrates that other concepts, such as myocardial infarction and ST segment elevation, are often negated or qualified as "possible." A general purpose NLP tool to parse ECG impressions for some decision report applications would require a highly accurate negation tagger. The NegEx negation algorithm performed well in detecting negation within this dataset with a recall of 97.3% and a precision of 98.2%. The probability of a concept the system identified as positive truly being positive was 0.998. The high recall and precision of negation detection in this dataset is likely due to a constrained vocabulary and the relative simplicity of the ECG impression sentences compared to prior studies evaluating NegEx in other clinical document types, which had recalls of 78-97% and precisions of 85-91% [25, 28, 32] .
Analysis of negation detection for QT prolongation revealed the algorithm incorrectly identified three concepts as negated. Each of these negation failures involved an inappropriate negation assignment to a separate independent clause, indicating the utility of a more complex negation detection algorithm such as presented by Huang and Lowe [35] , Elkin et al. [28, 33] , or Mutalik et al. [32] The NegEx algorithm used in this experiment used a rather simple "negation window" technique that assigns negation status to any word occurring within a certain distance before or after a negation phrase. This simplification caused some errors in our dataset. A more advanced algorithm would use a syntactic parse of the sentence, recognizing the presence of prepositions or coordinating conjunctions to correctly size the negation window.
The handling of "possible" findings, included in our QT prolongation query, would vary depending on application. For the purposes of clinical decision support, inclusion of potential findings may help prevent adverse events. For example, one would prefer to avoid starting a drug known to prolong the QT interval in a patient that had a "borderline long QT," assuming an alternative was available. In addition, many uncertain ECG findings require further workup. A patient with potential ischemia requires further evaluation, and one would likely discontinue cyclooxegenase-2 inhibitors in this patient. For clinical research, however, one may desire to exclude uncertain diagnoses, as many ECGs indicating "cannot rule out" may represent benign or nonspecific findings. Finally, negating phrases such as "no longer" indicate both the current absence of a finding as well as a prior history of it; the current algorithm only identifies the former. Such information may help determine treatment efficacy.
The developed NLP method to process ECGs could be a valuable resource for clinical decision support and pharmacoepidemiology. Medications that prolong QT interval have been defined in registries [10] and could be linked to "QT prolongation" concepts found in ECG impressions. One clinical decision support component could intercept orders for QT-prolonging medications prescribed when the patient is known to have pre-existing QT prolongation. A second application could investigate the association between medication orders and subsequent QT prolongation in order to define new drug-drug interactions or single-drug causes of QT prolongation. Interactions which may be difficult to discover in clinical trials or in vitro studies, may be discernable via such surveillance, such as the addition of a potent cytochrome P450 inhibitor that raises serum concentrations of a known offending agent. Ideally, a medication intervention could not only intercept medications that prolong the QT interval but also those that significantly interact with those already prescribed. Due to the high provider override rates in most medication decision support systems, due in part to poor specificity[36], a medication decision support system for QT prolongation requires use of the cardiologist-generated impression rather than current calculated intervals. The ability to use cardiologist-generated impressions for decision support requires rapid availability of their interpretations in electronic format, which may not be feasible at all institutions.
Since this method provides a full concept index using all concepts available in the UMLS, it also supports queries for other key clinical concepts (such as the queries in Table 4 ). While a complicated string-matching algorithm (in this case designed after the primary analysis) performed similar to the QT prolongation concept query, it would lack flexibility and scalability. By applying highly accurate NLP tools, we can quickly assess multiple queries, enabling a broader range of research and decision support tools. For example, recent studies have implicated commonly used medications in the incidence of sudden death [11, 37] , myocardial infarction [38, 39] , and second or third degree atrioventricular block [40] , each of which could be targets for clinical decision support interventions. In addition, the parent-child relationships between concepts in the UMLS are useful in grouping more granular concepts into larger groups, such as mapping strings such as "acute anterior infarction" and "ST elevation MI" as types of "myocardial infarction."
In this study, we used a general purpose concept-identification program with the entire UMLS. We optimized the algorithm to enhance synonymy and favor underspecified matches that match cardiology-related concepts. To further improve performance on ambiguous concept matches, we processed the ECGs in bulk, allowing KMCI to use the frequency of exactly-matched concepts from the set of ECGs to favor common concepts and frequently co-occurring concepts when encountering ambiguous matches. Given the high frequency of underspecified concepts in ECG impressions, other general purpose concept identification algorithms may require similar optimizations.
The study had several limitations. The performance of the negation algorithm and concept identifier may not translate to other repositories of ECG impressions. Other institutions may use additional ad hoc abbreviations, acronyms, or idiosyncratic language that could hinder KMCI's performance, and our cardiologists may differ from other institutions in how they interpret ECGs for QT prolongation. However, we made no specific optimizations for the specific format of our ECG reports. Second, we considered the cardiologists' impression as our gold standard since we did not have access to the original ECG images to validate with an independent review for QT prolongation; some cases of QT prolongation may have been missed by the reviewing cardiologists. However, we expect that this would be unlikely to dramatically alter our results since QT prolongation is a well-characterized and potentially lethal ECG finding. Furthermore, the prevalence of QT prolongation identified via the NLP query (5.3%) has greater face validity than the prevalence identified by QTc interval > 450 ms (26.6%). Third, our negation evaluation was performed by review of the algorithm-generated negation assignments of 5,000 randomly chosen ECG impression sentences, which introduces a potential bias toward the negation status generated by the algorithm. Fourthly, while we have accurately identified concept matches and their negation status, this is not the same as asserting normality. Our algorithm tells the presence or absence of "atrial fibrillation," for instance, but cannot tell that there were no arrhythmias. These questions may be addressed by classifying concepts by type (e.g., "rhythm" or "perfusion abnormalities") and defining normal status (e.g., the absence of arrhythmias is the normal state). Finally, our exploratory list of concepts in Table 4 has not been formally assessed for accuracy and provides only a rough prevalence of these findings in set of ECGs.
Conclusion
The use of textual queries through custom searches or NLP techniques allows highly accurate identification of QT prolongation within free-text ECG impressions. We believe this technique could enable large-scale research on drug adverse events and development of new decision support tools to improve cardiovascular medication safety.
Summary Table
What was already known on this topic?
• Electrocardiograms (ECG) provide significant medical information and are available in many electronic medical records. The ECG reports consist of automated intervals provided by an ECG machine and a cardiologist-generated free-text impression describing the findings.
• Often measured via an electrocardiogram, the QT interval is the time between ventricular depolarization to repolarization. The QT interval is affected by the heart rate and thus is often adjusted for rate as the QTc.
• Typically defined as a QTc longer than 450-500ms, QT prolongation is a known risk factor for sudden cardiac death. Many medications are known to promote or exacerbate QT prolongation.
This study adds the following knowledge:
• Natural language processing with negation detection can extract concepts from ECG impressions with high accuracy.
• Natural language processing and regular expression string queries of cardiologistgenerated ECG impressions are superior to ECG-machine calculated QTc thresholds for detecting QT prolongation, representing a methodology for clinical decision support applications. ist must occur within the same sentence to be considered a match. the one concept query error for query 1 also contained a correct concept match for QT prolongation such that the ECG was correctly classified. re than one query (e.g., "QT prolongation. Compared with prior ECG, the QT has lengthened.")
